individuals can be discarded. Yang et al. (2010) applied GREML to a human dataset to find out what fraction of the genetic variance for human height is accounted for by SNP. In human populations, pedigrees are disconnected and genomic relationships can capture distant relationships among genotyped individuals. In a simulation study mimicking livestock, Hayes and Goddard (2008) stated that estimates by GREML can be more accurate than by REML when pedigrees have errors as the genomic information is not subject to pedigree errors.
While the main goal of using genomic information in animal breeding is to increase the accuracy of selection, estimating variance components can be a quality control check and provide more accurate parameters for the model. Cost-effectiveness in genomic selection (GS) usually requires selective genotyping. While early genotyping in dairy cattle focus on high-reliability and young bulls, the number of such bulls is limited and subsequently most of current genotyping is for females (Cooper, Wiggans, & VanRaden, 2015) . Inclusion of genotypes from cows with phenotypic records could increase GEBV accuracy in small populations (Jenko et al., 2017; Pryce, Hayes, & Goddard, 2012) . In small populations like dairy sheep, the artificial insemination is not used and rams have small progeny groups. For such populations, a feasible strategy for genomic selection is the use of female genomic information, and a breeding programme based on both males and females.
In extensive sheep farming systems, it is difficult to collect accurate relationship information due to the simultaneous presence of more rams in the same group (Hayes & Goddard, 2008) . Missing or incomplete pedigree information, especially on the side of the pedigree with larger progeny size, can severely bias-variance components estimation (Israel & Weller, 2000; Visscher, Woolliams, Smith, & Williams, 2002) . However, the genomic information may compensate for pedigree problems (Hayes & Goddard, 2008) .
In small populations, genotyped animals tend to be highly selected and do not truly represent the population structure. This could bias estimation of variance components because selection can be viewed as a missing-data process (Im, Fernando, & Gianola, 1989) . Also, the number of genotyped animals increased over times as genotyping become less expensive, which made early genotyping highly selective. In conjunction with possibly incomplete pedigrees, the main information in a population could be phenotypes and genotypes of highly selective animals. The purpose of this study was to investigate the effect of artificial selection and selective genotyping on heritability estimates when genomic information is included in GREML and ssGREML. The study focuses on simulated populations that lack deep pedigree and have genotyped animals only from a few recent generations.
| MATERIALS AND METHODS
Animal Care and Use Committee approval was not needed as data were simulated.
| Data
Sheep populations were simulated using QMSim (Sargolzaei & Schenkel, 2009 ). The simulated genome consisted of 27 chromosomes with 45,116 evenly allocated biallelic SNP markers and 1,038 biallelic and randomly distributed QTL with allelic effects sampled from a gamma distribution with a shape parameter of 0.4. All genetic variance was assigned to QTL. The recurrent mutation rate of SNP and QTL was assumed to be 2.5 × 10 −5 per locus per generation (Solberg, Sonesson, Woolliams, & Meuwissen, 2008) . First, 2,000 generations of a historical population were generated with a gradual decrease from 10,000 animals in generation 0-5,000 animals in generation 500 and then with a gradual increase to 10,000 animals in generation 2,000. This first step was performed to create initial linkage disequilibrium (LD) and establish mutation-drift balance in the population. Ten recent, overlapping generations were simulated for each scenario with 40 males and 2,000 females as founders (ratio of 1 male:50 females), which corresponds to an effective population size about 150 when calculated from classical formula based on number of breeding males and females (Wright, 1931) . The number of breeding males and females was kept constant throughout the recent generations. Phenotypes were simulated with overall mean (μ = 3) as the fixed effect, and with three different heritability levels: low (h 2 = 10%), moderate (h 2 = 30%) and high (h 2 = 50%). Phenotypes were simulated for all 10 recent generations, whereas genotypes were simulated for only the last three generations. Different scenarios considered artificial selection as a process causing missing data. In the first scenario (N F ), no artificial selection was applied and phenotypes were simulated only for females (i.e., sex-limited trait). In the second (S F ), selection was based on estimated breeding values (EBV) calculated by QMSim using BLUP, and phenotypes were simulated only on females (i.e., sex-limited trait). In the third (S MF ), both males and females were selected also based on EBV, and both sexes had phenotypes. In all scenarios, the mating was random. The N F and S F scenarios mimicked a dairy sheep population, whereas S MF mimicked a meat sheep population. For all scenarios, twinning rate was 40%, proportion of male progeny was 50%, and sire and dam replacement rate was 60% and 30%, respectively. Therefore, selection intensity was the same for all selection scenarios. Number of animals in pedigrees and phenotypes are shown in Table 1 for each scenario. Three different subscenarios based on the number of generations (1, 2, or 3) with genotypic and phenotypic records were also considered for each of the three simulated scenarios.
For all simulations, 1,000 animals were genotyped for each of the last three generations (from 8 to 10). Only females were genotyped for N F and S F ; both males and females or only females were genotyped for S MF . Two genotyping strategies were tested: randomly chosen animals or the best animals ranked on EBV. Average minor allele frequency was close to 0.5 for both genotyping strategies and in all selection scenarios. After replicating the simulation five times, we observed very small standard errors (0.003-0.06); therefore, average of five replicates are reported.
All possible scenarios are reported in Table 2 . Based on that, the missing data process in our simulations was represented by selection, amount of generations to be genotyped, and existence of selective genotyping. The complete information was represented by pedigree and phenotypes for all 10 recent generations and genotypes for all animals in the last three generations. According to Im et al. (1989) and confirmed by Cantet, Birchmeier, Santos-Cristal, and de Avila (2000) , if a population is undergone selection but all the data used to make decisions are considered, the selection process is ignorable. In this way, heritability estimates should be close to the simulated value when having the complete information. Contrarily, bias is expected when data are missing. Under the complete information, we tested REML and ssGREML, and under the missing data scenarios, we tested the ability of REML, GREML and ssGBLUP in estimating heritabilities, as described below.
| Models and analysis
A mixed linear model was used to estimate variance components: Each scheme was analysed three times according to the number of generations with phenotype and genotype that were available (1, 2, and 3).
F I G U R E 1
Heritability estimates (h 2 = 30%) from four simulated scenarios for genotyping strategies of randomly chosen animals or the best animals ranked on EBV: no selection and only female phenotypes (a), selection and only female phenotypes (b), selection and male and female phenotypes and genotypes (c) and selection, male and female phenotypes, and female genotypes (d). For one, two or three generations, heritability was estimated using restricted maximum likelihood (REML) with only pedigree information, genomic REML (GREML) with only genomic information, and single-step GREML (ssGREML) with combined pedigree and genomic information. Simulated heritability was 0.3 [Colour figure can be viewed at wileyonlinelibrary.com]
where y is a vector of simulated phenotypes, μ is overall mean, u is a vector of additive animal effects, Z is an incidence matrix relating phenotypes in y to additive genetic effects in u, and e is a vector of random residuals. Heritability (h 2 ) was estimated as. Variance components were estimated considering genotypes for the last one, two or three generations. For both random and selective genotyping, genotyped animals could be only females or both sexes. For REML and ssGBLUP, ancestors were allowed in the pedigree in addition to the last three generations. For GREML, data were restricted to the last three generations because of method limitations. For all computations, average-information REML was used as implemented in AIREMLF90 .
In GREML and ssGREML, the genomic relationship matrix was constructed as in VanRaden (2008): where M is a matrix of genotypes centred by twice the current allele frequencies (p); i is the ith locus. To avoid singularity problems, G was blended with 5% of A 22 . This G matrix has been widely used in applications of genomic BLUP (GBLUP) and single-step GBLUP (ssGBLUP), although it is identity by state. Other ways to compute G that account for identity by descent relationships, and can be more accurate, have been proposed (Forneris et al., 2016; Ødegård & Meuwissen, 2014) ; however, they are less trivial than VanRaden's G.
As pedigree and genomic relationships are combined in ss-GREML, G was tuned to match A 22 as proposed by Vitezica, Aguilar, Misztal, and Legarra (2011) . This procedure is done to account for the shift in the mean genetic value of genotyped animals because of selection, as usually only recent and highly selected generations are genotyped. Therefore, tuning helps to adjust G to a common base population.
| RESULTS
For sake of comparison and to confirm the theory presented by Im et al. (1989) and Cantet et al. (2000) , when the complete information was used to estimate heritability under REML and ssGREML assuming selection, values were very close to the simulated ones (i.e., 10%, 30% and 51% for REML and 10%, 29% and 51% for ssGREML). As only the three last generations were genotyped, using GREML with complete information was not possible.
Results for the moderate heritability (h 2 = 30%) under missing information were reported in Figure 1 and Supporting Information Table S1 . For the N F scenario with no selection (random mating) and only female phenotypes, heritability estimates ( Figure 1a ) from all methods except GREML were quite close to the simulated heritability of 30% and ranged from 28% to 31%. Heritability estimates were closest to 30% with three generations of genotypes and phenotypes. Random genotyping resulted in the best heritability estimates, whereas genotyping the best females led to overestimates with GREML. Heritability estimates were most accurate with REML. When selection was based on EBV calculated from female phenotypes (S F scenario), heritability estimates from all methods (Figure 1b) were less accurate than for the N F scenario and ranged from 20% to 44%. Again, heritability estimates were best with three generations of data except for GREML, which overestimated heritability when best females were genotyped regardless of the number of generations. When best females were genotyped, heritability estimates were most accurate with ssGREML.
For the S MF scenario with both male and female genotypes, variation in heritability estimates was greater among methods and genotyping strategies (Figure 1c ) than for N F and S F scenarios. Once again accuracy of heritability estimates increased with number of generations. The best
F I G U R E 2 Heritability estimates (h 2 = 10%) from four simulated scenarios for genotyping strategies of randomly chosen animals or the best animals ranked on EBV: no selection and only female phenotypes (a), selection and only female phenotypes (b), selection and male and female phenotypes and genotypes (c) and selection, male and female phenotypes, and female genotypes (d). For one, two or three generations, heritability was estimated using restricted maximum likelihood (REML) with only pedigree information, genomic REML (GREML) with only genomic information, and single-step GREML (ssGREML) with combined pedigree and genomic information. Simulated heritability was 0.1 [Colour figure can be viewed at wileyonlinelibrary.com] | method was ssGREML combined with genotyping the best animals. However, including genotypes of the best animals when using GREML resulted in a marked overestimation of heritability, especially when only one generation of animals was considered. For selective genotyping, heritabilities from GREML were, on average, overestimated by 49% compared with the simulated heritability of 30%. However, overestimation with ssGREML was only 3%. Variation of heritability estimates in the S MF scenario was reduced when only female genotypes were included ( Figure  1d ). As before, heritability estimates were most accurate with three generations. The highest overestimate was found using GREML with only the best females genotyped and three generations of data.
A similar trend was observed in the simulation with low heritability, that is 10% (Figure 2 and Supporting Information Table S2 ). Best estimates were found when three generations were included in the analysis, with reduction in over/underestimation when gradually moving from one to three generations. As far as the genotyping strategy is concerned, the worst cases were observed when only best animal/females were genotyped. Scenarios without selection (N F ) were less affected by the genotyping strategy (Figure 2 ). Regarding the estimation method, ssGREML was the most precise and less biased, whereas GREML showed estimate errors when extreme genotypes were considered. However, in these two methods, biases were lower when three generations were included in the analysis. The heritability estimate errors were greater when best animals were genotyped in the SMF scenario using GREML. When only one generation with phenotypes and genotypes was considered, the estimated value was three times higher than the simulated one. The inclusion of genotypes from randomly chosen females returned correct estimates independently of the method or scenario.
For the simulation with high heritability (50%), the estimated values fluctuated more (Figure 3 and Supporting Information Table S3 ). Also, in this simulation, the inclusion of phenotypes and genotypes from three generations resulted in the best estimates, except for SMF scenario with best females genotyped. In the scenario without selection (N F ), all methods and genotyping strategies gave h 2 estimates very close to the simulated values. Regarding to the genotyping strategy, randomly genotyping females was best for obtaining h 2 estimates close to the true values.
Heritability estimates were more biased when GREML was considered and only the best animals were genotyped. The combined use of selective genotyping and GREML method in SMF scenario showed an opposing trend, as choosing best animals strongly underestimated h 2 (especially with one or two generations where the estimated values were close to zero), whereas choosing best females resulted in overestimated values (Figure 2c,d ). Overestimated h 2 values were observed using best female genotypes in S F scenario as well. The use of ssGREML method in the scenarios with selection (S F and S MF ) resulted in good estimates and reduction of estimate errors even when best genotypes were included in the analysis (Supporting Information Table S3 ). For example, the h 2 value obtained using ssGREML with three generations of best animals genotyped was very close to the simulated ones (0.52 ± 0.02), whereas with GREML the value was 25% lower (0.27 ± 0.03).
| DISCUSSION
The heritability of the trait is strongly related to the covariance among relatives. In fact, pedigree information is commonly incorporated in breeding schemes as a way to quantify these relationships. However, accurate relationship information is not always available. For instance, in an extensive sheep farming system, it is difficult to collect accurate relationship information due to the simultaneous presence of more rams in the same group (Hayes & Goddard, 2008) . Moreover, it is well known that pedigrees can contain several errors or partial relationships. Banos, Wiggans, and Powell (2001) showed the paternity misidentification is common in several animal populations; Visscher et al. (2002) estimated 10% overall pedigree error rate in United Kingdom dairy populations; Legarra et al. (2014) reported unknown fatherhood of 50% and 20% for Latxa and Manech/ Basco-Béarnaise sheep breeds, respectively. Missing or incomplete pedigree information, especially regarding the sire assignment, is a big problem in variance components estimation (Banos et al., 2001; Israel & Weller, 2000; Visscher et al., 2002) . Additionally, in small or autochthonous populations pedigree is not even recorded (Mészáros et al., 2015) . Starting a breeding programme in such populations can be challenging because variance components may be overestimated, depending on the level of incompleteness of the pedigree. In this situation, genomic information could be useful to construct relationships among F I G U R E 3 Heritability estimates (h 2 = 50%) from four simulated scenarios for genotyping strategies of randomly chosen animals or the best animals ranked on EBV: no selection and only female phenotypes (a), selection and only female phenotypes (b), selection and male and female phenotypes and genotypes (c) and selection, male and female phenotypes, and female genotypes (d). For one, two or three generations, heritability was estimated using restricted maximum likelihood (REML) with only pedigree information, genomic REML (GREML) with only genomic information, and single-step GREML (ssGREML) with combined pedigree and genomic information. Simulated heritability was 0.5 [Colour figure can be viewed at wileyonlinelibrary.com]
animals and improve breeds in the absence of complete pedigree (Blouin, Parsons, Lacaille, & Lotz, 1996; Goodnight & Queller, 1999; Lynch & Ritland, 1999; Mészáros et al., 2015; Ritland, 1996; Thompson, 1975) . Hayes and Goddard (2008) showed that heritability estimates using a sufficient number of markers can be more accurate than using pedigree information only for the last generation, because genomic information should not be subject to pedigree errors. In this context, this paper investigated which method should be used to estimate heritability in populations with limited pedigree information and selective genotyping. Phenotyping and genotyping strategies as well as statistical methodology affected heritability estimates when genomic information was available for populations that are not structured into large half-sib families. Genotyping randomly selected females, including more generations of genotyped and phenotyped animals, and using ssGREML was in almost all cases the best combination for improving accuracy of heritability estimates.
In the S FM scenario, in which both males and females were genotyped, GREML greatly overestimated heritability when the best animals were genotyped. This is because GREML only uses the sample of genotyped animals, and the highest ranked individuals for EBV are too different from the remaining population because of selection. Using GREML gave the worst estimates across the three different simulations because it does not account for selection. This explanation is supported by N F results; random genotyping or choosing the best females did not result in relevant differences for GREML heritability estimates in the absence of selection (Supporting Information Tables S1-S3). Jenko et al. (2017) found similar results for the effect of genotyping strategy on the accuracy of and bias in genomic predictions for Guernsey cattle: best predictions when all cows with phenotypes were genotyped, and worst predictions when only animals with the best phenotypes were genotyped. Pryce et al. (2012) suggested that the best strategy for including female genotypes in GS is to select them randomly, because females with the best phenotypes represent a biased sample of the whole population. Similarly, Gao et al. (2015) found that adding unselected females to a reference population improved GEBV reliabilities for Nordic Jersey cattle and reduced prediction bias compared to adding genotypes for just the best animals. Although their results relate to the quality of genomic predictions, quality and unbiasedness of variance components in this study followed the same trend.
As expected, including more generations with genotypes and phenotypes resulted in the best estimates for scenarios that considered selection (S F and S MF ). Including more generations reduced standard error and improved accuracy of heritability estimates. This was also observed by Van der Werf and de Boer (1990) , who found unbiased additive genetic variance when all available generations were considered. Number of generations also affected genotyping strategy (random vs. selective) results because of the different number of animals analysed. The REML estimates were highly accurate across scenarios when three generations of animals were included in the analysis (Figures 1-3) . Reduced heritability estimates from REML were observed across all h 2 levels for scenarios with selection (S F and S MF ) and fewer generations, primarily because of reduced additive genetic variance (Supporting  Information Tables S1-S3) . As expected, the number of generations included did not affect heritability estimates in the scenario with no selection (N F ) regardless of methodology. When A is used to calculate variance components (REML), many generations can be incorporated in the analysis because pedigrees generally have good depth for most livestock, whereas it is uncommon for many generations to have been genotyped. Usually, genotypes are available only for a few recent generations, especially for small breeds (e.g., breeding programmes to enhance native breeds) and species with limited financial compensation. In such situations, the genotyped population is not representative of many previous generations, and GS application may be problematic. In this study, GREML estimation issues can be attributed to this type of population structure (i.e., genotyped animals from only a few recent generations). When three generations were included in the analysis, ssGREML estimates were more accurate overall than those from GREML across all scenarios (Figures 1-3) . In this study, choosing the best animals regardless of sex resulted in equally good estimates using ssGREML but overestimates using GREML (especially for S MF with phenotypes for both males and females). The GREML method showed the worst estimates, especially when extreme genotypes were included in the analysis. When genotypes only from the best females were included in N F , heritability estimates were accurate from all methods, with almost no effect from number of generations included. When the best animals were used as the genotyped population, ssGREML outperformed GREML across all scenarios. Regardless of the number of generations included, GREML overestimated heritability for N F and S MF and underestimated it for S F . When selection was present (S F ), ssGREML estimates were close to simulated heritability across generations, whereas using GREML were biased.
The ssGREML method was not as affected by genotyping strategy as the other methods. This is possibly because all generations of pedigree can be included and adjusting averages from G to match those from A 22 is a standard procedure in ssGBLUP (Vitezica et al., 2011) . Such an adjustment can account for selection and also for the fact that animals in A 22 are more related than G can express (i.e., averages in A 22 usually are larger than in G). Veerkamp et al. (2011) showed that ssGREML can be successfully incorporated into variance component estimation. In their study, combination of G and A into H resulted in the most accurate estimates of variance components and allowed inclusion of phenotypes from non-genotyped animals in the model.
In small populations where the missing data process is represented by selection, amount of generations genotyped, and selective genotyping, a method that accounts for all available pedigree, genotypes, and phenotypes is highly recommended. However, when pedigree is not available, GREML may be the only option for estimating variance components, but bias is expected.
| CONCLUSIONS
Genomic information can be used for variance component estimation through the inclusion of G or H matrices into the well-known REML methodology. Selecting which method to use when genomic information is available is dependent on selection pressure, number of generations available, and most importantly the genotyping strategy. Worst results were found with selective genotyping and application of GREML methodology. In general, including more than two generations of phenotypes and genotypes improved estimates in most cases. Genotyping strategies affected GREML results more than those from ssGREML. Unlike GREML, ssGREML allows the use of phenotypes and pedigree information for genotyped and non-genotyped animals, which makes the method less biased. Consequently, variance components are less affected by selective or limited genotyping.
